Open-circuit-voltage (OCV) plays a significant role in state-of-charge (SOC) estimation for lithium-ion batteries. The slight difference in OCV at various temperatures can result in a large deviation of SOC estimation. In this Letter, a novel model based on Gaussian process regression is proposed to describe the sophisticated relationship among the OCV, SOC, and temperature. To validate the effectiveness of the proposed model, a comprehensive comparison with widely considered benchmarking OCV models is conducted. Experiment results demonstrate the proposed model can provide the most accurate prediction of OCV compared with benchmarking models.
Introduction: In the automotive industry, electric vehicles (EVs) have attracted increasing attention and achieved ever better development as an important technology to reduce the greenhouse gas emission and the consumption of natural resources [1] . The battery system, as one of the key parts in EVs, plays a crucial role in determining the efficiency, reliability, and safety of the EVs systems. Due to the demanding driving operations, a battery management system (BMS) is required to guarantee the good performance of the battery. An accurate estimation of the state of charge (SOC) is one of the main functions for a BMS [2] . The SOC quantifies the remaining charge of the battery at the current cycle, which indicates the remaining available range for EVs.
The model-based approaches have been widely applied to SOC estimation [3] [4] [5] . In these approaches, the accuracy of SOC estimation highly depends on the open-circuit-voltage (OCV) model which relates SOC to OCV. Due to the relative flat OCV curve over a wide SOC especially for lithium iron phosphate (LiFePO 4 ) batteries, a small error on the inferred OCV will lead to a large deviation in SOC estimation. Several models including the look-up table and analytical models have been developed to implement the OCV-SOC function in a BMS. Analytical models demonstrate advantages in computational efficiency and convenience of analysis over the method of look-up table [6] . However, these models are often constructed at a certain temperature. Studies in [7] illustrate that the slight difference among OCV curves at various temperatures can cause significant errors in SOC estimation. EVs always operate under dynamic environmental conditions including varying temperatures. Hence, an accurate OCV model considering dependence on temperature is crucial to SOC estimation for EVs.
In this study, a temperature-dependent OCV model is developed relying on the Gaussian process (GP) regression (GPR). With this model, it is easy to make inferences of OCV at other temperatures. To validate the effectiveness of the proposed model, a comprehensive comparison with widely considered benchmarking models will be conducted.
Data description: The OCV-SOC curves at various temperatures over the whole SOC range from 0 to 100% are depicted in Fig. 1a , while the Fig. 1b clearly illustrates the significance of the accuracy of inferred OCV to SOC estimation in the flat region. The utilised data in Fig. 1 is collected from the Center for Advanced Life Cycle Engineering (http://www.calce.umd.edu/batteries/data.htm), University of Maryland, USA. The OCV-SOC experiments with A123 cell at various temperatures are described in [7] . In fact, the OCV in the charging process is higher than in the discharging process due to a hysteresis phenomenon. In this Letter, the OCV shown in Fig. 1 is defined as the average value of charging and discharging data, and we concentrate on the data in the middle SOC range from 10 to 90% where the OCV model is the most useful as discussed in [6] . The data points are divided into two groups. The first group includes data points at 0, 10, 30, and 40°C. In this group, 75% data points at each temperature are utilised for model development, while the remaining 25% data points are utilised for model validation. The second group includes data points at 20°C, which is considered as the test dataset to verify model accuracy in predicting OCV at a blind temperature.
GPR-based modelling of temperature-dependent OCV: To accurately model the sophisticated relationship among the OCV, SOC, and temperature (T ), a GPR [8] 
where y refers to OCV and x = [SOC, T ]. The ξ is an additive Gaussian noise with mean zero and variance σ 2 . The f (x) is latent variables from a GP which is a collection of random variables, and any finite number of such variables has a joint Gaussian distribution. A GP is specified by its mean function m(x) and covariance function k(x,
) . To simplify the notation, the mean function is usually assumed to be zero and the response variable is normalised to have zero mean. In (1), the model response is a linear combination of Gaussian variables. Consider the training dataset D = X, y , where
, then y also follows Gaussian distribution:
where K(X, X) is the covariance matrix with K[i, j] = k(x i , x j ) and I is an identity matrix. When a new input, x*, is given, the joint distribution of the response, y*, can be written as
According to the theory of the joint Gaussian distribution, the prediction of y* can be made by
where
). In this study, the squared exponential covariance function (5) is considered. Model parameters including σ, σ f , and l are estimated by maximising the logarithm marginal likelihood function on the training dataset
Benchmarking models: To validate the effectiveness of the proposed model in OCV prediction considering the dependence on temperature, the proposed model is compared with following widely considered benchmarking models.
Model 1 [6] :
Model 2 [3] :
Model 3 [9] :
Model 4 [10] :
Model 5 [11] :
where x and y refer to SOC and OCV, respectively. In these models, k 0 to k 6 , α 1 to α 3 , and β 1 and β 2 are model parameters obtained by minimising the mean-squared error on the training dataset.
Experiment results:
Computational results including the mean absolute error (MAE), root-mean-squared error (RMSE), and maximum absolute error (Max.AE) in mV are provided in Table 1 . The results of benchmarking models (M1-M5) on the test dataset are obtained by linear interpolation with respect to temperature as the benchmarking models are constructed at each temperature separately. The lowest values are in bold.
It is observable in Table 1 that the proposed GPR-based OCV model performs much better than the widely considered benchmarking models in terms of MAE, RMSE, and maximum absolute error on the training, validation, and test datasets. The modelling OCV-SOC curve on the test dataset by the proposed model is depicted in Fig. 2 . It is observable that the predicted curve matches well with the measured one. Compared to the widely considered benchmarking models, the proposed model performed best with lowest errors. This Letter supports that the GPR-based OCV model is applicable for the inference of OCV at high accuracy.
